Abstract-In order to find better strategies to control tobacco use, it is often critical to know the transitional probabilities among various stages of tobacco use. Traditionally, such probabilities are estimated by performing longitudinal surveys, which are often time-consuming and expensive. In this paper, we propose a method to estimate transitional probabilities from cross-sectional survey data, which is more cost-effective to obtain and hence abundant. The method is based on a discrete event system framework. We introduce state probabilities and transitional (event) probabilities to the conventional discrete event system models. We derive various equations that can be used to estimate the transitional probabilities. We test the method using crosssectional data of the National Survey on Drug Use and Health. The estimated transitional probabilities can be used in predicting the future smoking behavior for decision-making, planning and evaluation of various tobacco control programs.
I. INTRODUCTION
Reducing tobacco use remains a significant public health challenge in the new millennium despite decades of effort in tobacco control. Exposure to tobacco is associated with 440,000 deaths each year in the United States and costs the nation $50 -$75 billion in medical expense alone. The Healthy People 2010 aims at reducing current smokers to 16% among adolescents and 12% among adults by the year 2010. However data from the Behavioral Risk Factor Surveillance System indicate that the adult smoking rate has fluctuated at around 22% since 1990. Data from the Youth Risk Behavior Surveillance System indicate that adolescent smoking prevalence rate increased from 27.5% in 1991 to 36.4% in 1997 before it started to decline in 1999. There is a large gap between the current levels of tobacco use and the tobacco control objective, underscoring the need for immediate actions to advance our tobacco control strategy.
Smoking behavior can best be modeled as a discrete event system, where discrete states describe the different stages of tobacco use and events describe the transitions from one state (stage) to another. In order to find the best strategies in tobacco control programs and to understand the smoking behavior progression, it is often critical to know the transitional (or event) probabilities among various stages of tobacco use. Traditionally, such probabilities are estimated by performing longitudinal surveys; that is, by surveying the same group of people over a long period of time.
Longitudinal surveys are often time-consuming, expensive, and hence less performed. On the other hand, crosssectional survey, where samples of a population are surveyed at the same time is much easy to perform. Hence much more cross-sectional surveys have been conducted and more data are available. The question is therefore: can we estimate the transitional probabilities from cross-sectional survey data? Intuitively, one may think that the answer shall be negative. But, in fact, as we will show that there is information contained in cross-sectional surveys that allows us to derive the transitional probabilities.
To this end, we will extend the conventional framework of discrete event systems by introducing state probabilities and transitional probabilities. To completely model the smoking behavior, we use the following five states:
• NS -nerve-smoker, who has never smoked by the time of the survey.
• EX -experimenter, who smokes but not on a regular basis after initiation.
• SS -self stopper, an ex-experimenter who stopped smoking for at least 12 months.
• RS -regular smoker, who smokes on a daily or regular basis (including habitual and addicted smokers).
• QU -quitter, an ex-regular smoker who stopped smoking for at least 12 months. We will establish various equations that relate the probabilities of the above states with the transitional probabilities based on data available in cross-sectional surveys. In particular, we will use 2000 National Survey on Drug Use and Health (NSDUH).
The transitional probabilities can be used to predict the effectiveness of various tobacco control strategies. By considering the effects of various tobacco control programs on the transitional probabilities, we can predict the impact of these programs to the tobacco use in the future. This paper is organized as follows. In Section II, we will discuss advantages and disadvantages of cross-sectional surveys and longitudinal surveys. We will also discuss tobacco use and tobacco control. This section will provide the background and demonstrate the significance of the problem to be solved. In Section III, we will introduce the mathematical model of smoking behavior, derive equations for estimating transitional probabilities, and apply the results to derive the probabilities from cross-sectional surveys. In Section IV, we will use the transitional probabilities to predict future smoking behavior. Such predications will help us to evaluate various tobacco control programs. In Section V, we calculate various sensitivity functions from the model we established. We emphasize that although this paper mainly focus on tobacco behavior and tobacco control, the methods established in this study can be extended to describe other substance use behaviors. Indeed, the methods of deriving transitional probabilities from cross-sectional survey data have a wide range of applications.
II. BACKGROUNDS AND MOTIVATIONS
In general, a longitudinal study or survey is a study that involves observations of the same items over long periods of time, even decades. Typically, longitudinal studies are used to study developmental trends across the life span. The reason for this is that unlike cross-sectional studies, longitudinal studies track the same people, and therefore the differences observed in those people are less likely due to cultural differences across generations.
There are different types of longitudinal studies. We will focus on cohort studies. Such studies sample a cohort, defined as a group experiencing some event (birth, in our case) in a given time period, and studying them at intervals through time.
On the other hand, cross-sectional studies involve observation of some subset of a population all at the same time. They can be thought of as providing a "snapshot" of the frequency and characteristics of a behavior or disease in a population at a particular point in time. In a typical crosssectional survey, a specific group is looked at to find some causal relations such as relation between smoking and lung cancer. Cross-sectional analysis concern about how variables affect each other at same time.
To study smoking behavior and to investigate tobacco control programs, many surveys have been conducted in past decades. The majority of these surveys are crosssectional surveys. In fact, a huge body of data on tobacco has been accumulated. These data are often used to compute prevalence rates of smoking behavior (e.g., percentage of lifetime smoking, current smoking, or addicted smoking). But that is not enough, data on smoking behavior progression must be added in order to increase the efficiency of tobacco control planning and program effect evaluation, because smoking behavior is an integrated, dynamic, and progressive process.
With smoking progression data, it is possible to assess: a) the impact of a tobacco control effort (e.g., tobacco taxation, legal restrictions, school-based programs) on different steps of smoking behavior progression (e.g., from never-smokers to smokers or from regular smokers to quitters); b) the effect of changes in different steps of smoking progression (e.g. increasing quitter or reducing experimenters) in reducing the total number of smokers; and c) the amount of changes needed in different steps of smoking behavior progression to achieve a pre-determined tobacco control objective.
To provide data on smoking behavior progression for advanced tobacco control planning and program effect evaluation, a logic approach is to collect longitudinal data. Longitudinal data are often used in tobacco research to characterize smoking behaviors.
For example, to characterize the natural history and trajectories of smoking behavior progression, longitudinal data have been collected by White, Pandina, and Chen From longitudinal data, information can be derived to measure changes in smoking behavior by progression stage and the transitional probabilities that characterize the speed of smoking behavior change in a population. However, longitudinal data are not routinely collected in tobacco control practice.
Compared to a cross-sectional survey, a longitudinal survey is more time-consuming and less cost-effective for tobacco control practice because of the following reasons.
(1) To follow up with study participants through longitudinal survey is technically demanding even for professional tobacco researchers. In longitudinal survey, the same individuals who participated in the baseline survey must be followed up at the subsequent times for data collection; consequently, complicated procedures must be set up for correctly tracking the participants at the followups while ensuring the confidentiality of the participants and the validity of the survey data. Therefore, compared to a cross-sectional survey, conducting a longitudinal survey needs more resources and personnel, especially personnel with adequate training and ample experience. (2) It is more time-consuming to collect longitudinal data than to collect ThA03.1 cross-sectional data. At least two waves of data are needed for a longitudinal survey to measure smoking behavior progression during a one year period; it will also take more time to derive information from multi-wave longitudinal data than from one-wave cross-sectional data that is needed for tobacco control planning and program effect evaluation.
There are also significant limitations to longitudinal data if they are used for tobacco control planning and program effect evaluation because of the following reasons. (1) Selection biases due to attrition: attrition or loss of followup is a common and significant concern with data collected through longitudinal design. Data from tobacco research indicate that participants who missed the follow-up are more likely to be smokers; this selective attrition will threaten the validity of longitudinal data. (2) Inaccuracy of survey time: for an ideal longitudinal survey, each wave of data collection should be completed at one time point (e.g., January 1, 2005 for wave 1 and January 1, 2006 for wave 2). However, a tobacco control program usually involves a population with large numbers of participants. Collecting data from such large samples can not be completed within one or two days, resulting in time errors in measuring smoking behavior progression even with advanced methodologies. (3) Hawthorne (survey) effect -repeatedly asking the same subjects the same questions regarding smoking behavior over time may result in biased data due to the effect of survey administration on smoking behavior and the behavior to answer smoking questions. (4) Recall biases -to obtain data on behavior dynamics, a longitudinal survey may ask each participant to recall in great details his or her smoking behavior in the past (e.g., exact date of smoking onset, exact age when voluntarily stopped smoking after experimentation); this may result in erroneous data due to memory loss. (5) Age range of the subjects in a longitudinal sample shifts up as the subjects are followed up over time, affecting the use of such data in tobacco control practice.
Compared to a longitudinal survey, it will be timelier and more cost-effective to conduct a cross-sectional survey in tobacco control practice. Collecting cross-sectional survey can be completed within a short time period. The procedure to collect cross-sectional data is much simpler than to collect longitudinal data. Unlike longitudinal data, data from each wave of cross-sectional survey can be analyzed without waiting for data from another wave. Crosssectional data are generally less error-prone because items used in a cross-sectional survey often target the most recent events of tobacco use, such as smoking in the past 7 days and past 30 days; or events that are proven to be more accurately encoded in memory for recall, such as whether ever used a tobacco product, age when tried a tobacco product the first time or the last time in life. The validity of recalled data on these behaviors has been well documented.
In addition, data from cross-sectional survey are free from Hawthorne effect because each wave of the survey is administered to an independent sample.
Although there are many advantages, cross-sectional data have never been used to assess smoking behavior progression because no participants have been followed up to collect the related data. The weakness of cross-sectional data is however the strength of longitudinal data, because longitudinal data contain information at the individual level for measuring smoking behavior progression. Unfortunately, as described earlier, the limitations of longitudinal data make it less appealing to tobacco control practice. It would be ideal if a method is available to extract information from cross-sectional data to measure smoking behavior progression. This is indeed possible because at the aggregate level, data from a cross-sectional survey with a sample of subjects in multiple age groups is analogous to the data from a longitudinal survey that follows a sample of a birth cohort (born in one year) for multiple years. Hence information on smoking behavior progression at the aggregate level can be derived from cross-sectional data if appropriate methods are used.
III. PROBABILISTIC DISCRETE EVENT SYSTEMS
One way to model smoking behavior progression is to use discrete event system framework. However, we need to incorporate probabilities in the conventional discrete event systems. A probabilistic discrete event system (PDES) can be expressed mathematically as:
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Here Q is the set of discrete states. In the smoking behavior model of Figure 1 
Σ is the set of events. In Figure 1 , } ,..., , { . With slight abuse of notation, we also use q to denote the probability of the system being at state q and use i σ to denote the probability of i σ occurring. Therefore, NS also denotes the probability of being a never-smoker and 2
σ also denotes the probability of starting smoking. If it is important to specify the age, then we will use a to denote age. For example, ) ( 2 a σ denotes the event or the probability of starting smoking at age a.
The PDES model of the smoking behavior is shown in Figure 1 . From the figure, we can obtain the following . Therefore, only 9 equations are independent.
Since there are 11 transitional probabilities, )
, to be solved, we need 2 more independent equations. These equations can be obtained as follows. In the NSDUH, subjects were asked the last time when they smoked. Using the data, we estimate the portion of the self stoppers who stopped smoke 24 months ago (and hence are self stoppers a year ago) or "old self stoppers". Denote the old self stoppers as SS . Then we have another equation:
Similarly, denote the old quitter as QU and we have another equation:
The above 2 equations, plus the 9 independent equations, will allow us to solve for all transitional probabilities as shown in Equation 2.
Let us now use the data from 2000 NSDUH to calculate these transitional probabilities. The data from age 15 to 21 is shown in Table I . We use the percentages of people in various states as the state probabilities.
We calculate the transitional probabilities from age 15 to 21 for the data in Table I . The results are shown in Table  II . Equation 1 . 
ThA03.1
These transitional probabilities describe the dynamics of the smoking behavior. It can be used to evaluate and hence improve the tobacco control programs as to be discussed in the next two sections.
IV. PREDICTING SMOKING BEHAVIOR FOR TOBACCO CONTROL PROGRAMS
The transitional probabilities provide information on the likelihood that a person may start smoking, become a regular smoker, quit smoking, etc. These transitional probabilities are influenced by the environment which the person is in. Various tobacco control programs, such as tobacco taxation, restriction of smoking in public places, restriction of tobacco sales to minors, school-based programs, and media campaign, are intended to change the environment and hence the transitional probabilities. Different tobacco control programs have different impacts on the transitional probabilities. For example, restriction of tobacco sales to minors and school-based programs have greater impact on ) ( 2 a σ than on other transitional probabilities. The goal of tobacco control programs is to reduce smoking among adolescents and adults. In terms of PDES, the goal is to reduce the (state) probability RS . To qualitatively assess the impact of a tobacco control program to RS , we need to do some predication on how transitional probabilities ) (a i σ impact on probability RS . This can be done as follows. Suppose
Denote the new transition matrix as 
respectively. Then we can predicate the smocking behavior distribution at different ages as follows.
For example, if a tobacco control program can decrease the probability of 2 σ by 10%, then we can recalculated the transitional probabilities from age 15 to 21 and predict the smocking behavior distribution accordingly. The predicated results are shown in Table III. By comparing Table III with  Table I , we can estimate the effects of the tobacco control program. 
Clearly from these sensitivities, we can conclude that reducing ) ( 2 a σ (less initiation of smoking) will significantly increase the number of never-smokers and significantly decrease the number of regular smokers, although the impacts are different at different age.
VI. CONCLUSION
We derived a smoking behavior model based on the PDES. We then estimated the transitional probabilities from the survey data of 2000 NSDUH using the model. There are several important applications of this model. Using the estimated transitional probabilities, we can predict the smoking behavior with respect to the changes in transitional probabilities for certain age groups. Knowing the effects of tobacco control programs to the transitional probabilities, we can then evaluate various tobacco control problems and hence provide insides to the policy makers in their decision ThA03.1 making. We also derived sensitivity functions of various transitional probabilities to the state probabilities. These functions can serve as analytical tools for comparing the effects of these transitional probabilities to the final outcome of tobacco control. Overall, the paper shows that transitional probabilities can be estimated from crosssectional survey data and hence to describe the dynamics of behavior progression systems. In addition to smoking behavior and tobacco control, this novel approach can be applied to analyze other health risk behaviors with crosssectional survey data. 
